The objective of the study is, firstly, to analyse the predictability of financial distress in different European countries. Secondly, the objective is to compare predictability across countries. Thirdly, the objective is to investigate possibilities to develop a generic uniform model to predict distress in each country over Europe. The sample includes over one million active and tens of thousands financially distressed firms from 30 European countries. For each country, a prediction model of its own is estimated. The models and their performance in prediction accuracy are compared across countries. Finally, a uniform generic model is estimated for the sample including all countries and its prediction accuracy is assessed by country. The results show that there are differences in the form and strength of prediction models across different European countries. However, it is possible to develop a uniform generic model resulting in a reasonably high rate of classification accuracy for most countries.
Introduction
Financial distress or failure can be defined as the inability of a business firm to pay its financial obligations as they mature (Beaver, 1966, p.80 ). Failure will cause large economic and social losses for each stakeholder of the firm. At the level of national economy, business failures refer to inefficient allocation of domestic capital and may lead to severe domestic or even international crises. In international context, failures form a serious risk factor for international investors and exacerbate efficient allocation of financial capital between countries. Because of its importance, financial distress prediction has played an important role in financial research over many decades (see Jones . Prediction models are applied by managers of distressed firms, bankers, lending specialists, accounts receivable managers, investors, security analysts, auditors, bankruptcy & reorganization lawyers, and judges (Altman & Hotchkiss, 2006, p.281-296) . These models are important in warning for impeding financial distress and giving time for the stakeholders to timely react to the crisis. They help managers to avoid a failure but also the external stakeholders such as investors to assess the risk associated with the firm.
Since the economic cost of business failures is significant, countries all over the world are concerned with avoiding financial crises of business firms. In this avoidance, efficient country-specific distress prediction models can play an important role. Therefore, prediction models have been developed in many countries to provide stakeholders with tools to assess failure risk. Altman and Narayanan (1997) and Altman and Hotchkiss (2006, p.259-264 ) present a review of country-specific distress prediction models developed in 22 countries while Bellovary, Giacomino, and Akers (2007) refer to models for 18 countries. Altman and Narayanan (1997, p.1-2) state that while the economic forces shaping the outcomes in various countries may diverge, the researchers share a striking similarity in their approach to distress prediction. Nearly every study contrasts the profile of failed firms with that of non-failed firms to draw conclusions about the coincident factors of failure. However, the variables and their weights (model structures) considerably differ between country-specific models making the application of a model to foreign firms questionable. Therefore, the models are difficult to compare and they are mostly useless in comparisons across countries. However, investors and other stakeholders have a growing need to analyze the financial risk of foreign firms and to make international comparisons (Choi, Frost, & Meek, 1999) .
The need for international comparisons is originated in the tremendous growth in international capital issuance and trading in recent years due to a surge of privatizations, economic integration in Europe, relaxation of capital controls, and many other causes (Choi et al., 1999, p.289; Whittington, 2005) . Furthermore, in Western Europe alone, the number of seriously distressed firms (insolvencies) during the last years has been about 180.000 which has enormous economic consequences for EU (Creditreform, Insolvencies in Europe 2010/11).
The purpose of this study is to make a contribution to international distress prediction research by responding to the call for international comparisons and uniform models in financial distress prediction. It is worth stressing that a major benefit of a well performing international model would be that its users could carry out their international analyses within the realm of one single model. Different models, their structures, and their outputs are difficult (if not frustrating) to compareimpairing the decision making process.
Our study is based on three objectives. First, the objective is to analyze the predictability of financial distress in different European countries. Secondly, the objective is to compare predictability across countries. Thirdly, the objective is to investigate possibilities to develop a generic uniform model to predict distress in most countries over Europe.
The data of the study includes over one million active and tens of thousands failed firms from 30 European countries. For each country, a country-specific prediction model of its own will be estimated. The models and their performance in prediction accuracy are compared across countries. Finally, a uniform generic model is estimated for the sample including all countries and its prediction accuracy is assessed by country. The models are estimated by the logistic regression analysis using familiar financial ratios based on the bankruptcy theory (profitability, liquidity, solidity, size, volatility) as predictors. This study is limited to modeling of bankruptcy risk based on financial statement information only to show the value of this information in international context of bankruptcy prediction. Non-financial variables and control variables measuring country influences or industry effects are intentionally excluded. 1 We believe that such variables could improve measurement accuracy, but at this pioneering stage it is most instructive to focus on the predictive value brought about by financial statement information in developing an international uniform failure prediction model.
The structure of the paper is as follows. First, the background and objectives of the study were discussed in the introductory section. Prior studies and two general research hypotheses based on these studies are briefly discussed in the second section while the third section presents the data and methods of the study. The empirical results are discussed in the fourth section. In this context, country-specific models and the uniform model are presented and discussed. In addition, the reasons for low country-specific performance and low uniformity are statistically assessed by the regression analysis and the countries are classified to homogenous groups. Finally, the last section presents a summary of the results, discusses the limitations of the study and outlines potential trends for future research.
Prior Studies and Research Hypotheses

Country-Specific Models
Financial distress prediction has played an important role in financial research over many decades (Jones & Lensberg et al., 2006) . This research has produced important country-specific prediction models to identify early warnings of impending financial distress (Altman & Narayanan, 1997) . However, distress research is fragmented and mainly empirical. Therefore, it is obvious that distress research suffers from lack of theoretical analysis which weakens the understanding and conceptualization of the event of interest (failure or distress), the choice of predictors, and the justification of the functional form between predictors (Dimitras, Zanakis, & Zopounidis, 1996; Balcaen & Ooghe, 2006; Lensberg et al., 2006) . It is obvious that all these weaknesses impair the generalization of estimated failure prediction models. These kinds of empirical models are strongly associated with the original estimation data and cannot be efficiently generalized for different kinds of contexts such as for different countries in international analysis. Therefore, their usefulness is strictly limited in international comparisons and decision-making of international investors. Thus, there is an urgent call for studies estimating theory-based prediction models from data of different countries, investigating possibilities to generalize the models from the country of origin to other countries, and to develop a uniform model generalizable for several countries.
Failure research includes a couple of wide international comparisons of distress prediction models. Altman & Narayanan (1997; see also Altman & Hotchkiss, 2006 , p.259-264) present a survey of models estimated in 22 different countries and comment on their similarities and differences. The authors found a striking similarity in their approach to distress prediction (in contrasting the profile of failed and non-failed firms) but significant differences in definition of failure concept, modeling techniques used (reflecting differences in the functional form of models), financial variables included, and in data issues. In these studies, failure could for example mean bankruptcy, bond default, bank loan default, delisting of a firm, government intervention, and liquidation. The modeling techniques included discriminant analysis, logit analysis, probit analysis, recursive partitioning, Bayesian analysis, survival analysis, and neural networks. Practically, every model was based on different financial variables. In many country-specific models, the estimation data were very limited and any test data were not used. Because of all these differences, the proper comparison of the country-specific models is not possible and their generalizability for other countries cannot be assessed. Bellovary et al. (2007) present a review of bankruptcy prediction studies and refer to country-specific models in 18 different countries. In the same way as above, the authors address the diverse definition of failure, data used, modeling techniques and variables included. In addition, they refer to differences in validation methods and prediction timeframes applied. To show the diversity in selecting financial variables for the models, the authors calculate that the number of variables in the models ranged from 1 to 57 and 752 different variables were used in prediction models so that 674 variables were utilized in only one or two of the studies. The studies used discriminant analysis (63), logit analysis (36) , probit analysis (7), neural networks (40) , or some other (26) modeling technique. Many of the studies were concentrated on large manufacturing or retailing firms ignoring smaller firms and other industries. In overall, 77 studies tested the prediction results in a hold-out sample while 87 studies did not. The classification accuracy of the 4 © Science and Education Centre of North America models varied significantly from 20% to 100%. This review clearly shows that failure research is strongly fragmented, the proper comparison of the models is impossible, and that it is not possible to assess the international generalizability of country-specific models.
Country-Specific Models Tested in another Country
Ooghe and Balcaen (2007) examined the performance of seven different prediction models on Belgian failure data to test whether country-specific models can be transferred and applied to a new data setting. The authors state that this kind of analysis is important because many international financial information agencies apply failure prediction models on a totally different dataset of firms than the ones they are designed for. The authors found that after re-estimation of the coefficients, some of the examined models were widely usable in Belgium. The estimation technique, complexity and the number of variables did not explain predictive performance. The study shows that it is possible to generalize prediction models across countries at least when the models are re-estimated and variables are carefully chosen in a theoretically-justified way.
Country-Specific and International Uniform Models Tested across Countries
Laitinen (2002) has used a different setting to assess international comparability in financial rating of technology firms. He used financial data from the US and 17 European countries to investigate possibilities to develop a uniform rating form. The author measured the three-year financial success of firms and used financial statements before the event period to predict this success. He measured financial success by a factor of several variables and classified firms into two crude classes with respect to success (lower/upper success). Then, Laitinen applied binary logistic regression analysis to estimate country-specific prediction models and a uniform model based on data from all countries. He showed that the uniform model generally performed well showing that it is possible to develop an overall rating model. The highest classification accuracy was got in Germany, Belgium, Italy, Finland, and Greece while the poorest one was found in Switzerland, Ireland, and Portugal. Laitinen measured the uniformity of rating rules by the difference between the classification accuracy of the uniform model applied to the country data and that of the country-specific model. The highest uniformity was shown by Sweden, France, Germany, Spain and Finland whereas the poorest was found for Luxembourg, Belgium, Portugal and Austria. Finally, Laitinen classified the countries into following four classes on the basis of the similarity of country-specific model predictions: Spain-France, Greece-Portugal, Ireland-US, and Luxembourg classes. In summary, the study shows that it is possible to develop a reliable uniform prediction model to assess firms in different countries. However, the accuracy of this kind of model may show significant differences between countries. In addition, country-specific models may behave in a very different way with respect to predictability. As these models did not attempt to predict bankruptcy, loan default or any other form of financial distress, these results, although promising, cannot be generalized to failure prediction modeling.
Factors Affecting International Applicability of Failure Risk Models
It is obvious that the international generalizability of failure prediction models based on financial statement variables is affected by country-specific differences in many factors. Event definition, economic environment, legislation, and culture affect directly the characteristics of the target event (failure) (see Ward & Foster, 1997; Beraho & Elisu, 2010) , while differences in accounting practices jeopardize the ability of the financial predictors to reflect these characteristics in an identical way. It is said that differences in accounting practices can alone destroy international comparability between firms (Choi & Levich, 1991 Nair and Frank (1980) presented classifications based on empirical data. Nobes (1983) identified several problems with the previous classifications (lack of precision, lack of a model, lack of hierarchy, and lack of judgment) and presented himself a hierarchic classification of fourteen countries. Doupnik and Salter (1993) tested the Nobes (1983) classification using the cluster analysis and found nine separate clusters. The international diversity of accounting practices obviously implies that even if country-specific prediction models are based on the same technique and include the same financial variables, they may refer to different accounting events and behave in a different way due to different content of financial variables.
Purpose of the Study and the Research Hypotheses
The purpose of this study is to test the predictability of failure in several European countries by estimating country-specific models for these countries using the same modeling technique and the same theory-based financial variables. In addition, the purpose is to use the same technique and the same financial variables to estimate a uniform prediction model based on data from every country.
Prior research shows that current country-specific models are very different with respect to functional form and variables included. Therefore, it is impossible to compare these models in a proper manner with respect to international generalization. However, when re-estimated, some of the models can be transferred to other countries. If the same technique and the same variables are used to estimate country-specific models, the models in some countries perform well whereas in some other countries they do not perform properly. In spite of the differences between countries, it may be possible to develop a uniform prediction model showing a moderate performance in most countries. It may not be possible to develop a uniform model that performs well in each country due to the differences in culture, economic environment, legislation, and especially accounting practices. In some cases, accounting practices may alone destroy international comparability between countries. This review of previous research leads us to draw the following general research hypotheses:
Hypothesis 1 (H1):
The country-specific prediction models differ significantly from each other although being estimated using the same modeling technique and the same financial variables.
Hypothesis 2 (H2):
It is possible to estimate a uniform prediction model performing well in most countries.
Data and Methodology
Empirical Data
The empirical data of this study are extracted from the ORBIS database of Bureau Van Dijk (BvD). ORBIS is a commercial database which contains administrative information on over 50 million European companies, of which income statement and balance sheet information was available for about 8 million companies. More than 99% of the companies covered in this database are private companies. The information for the ORBIS Europe is sourced from almost 30 different information providers using a multitude of data sources, typically national and/or local public institutions collecting data to fulfill legal and/or administrative requirements. The ORBIS database organizes these public data from administrative sources and filters them into various standard formats to facilitate searching and company comparisons. The ORBIS formats have been derived from the most common formats used for the presentation of business accounts in Europe, following © Science and Education Centre of North America European Union guidelines (Ribeiro, Menghinello, & Backer, 2010) . It is clear that international comparability may be a problem when administrative firm-level data are internationally pooled. While in administrative data the definition of variables is usually less harmonized, this is less of a problem in the ORBIS database because of the common international format of balance sheets. For example, although some discrepancies in profit/loss statements may arise following differences in fiscal systems across countries, balance sheet variables largely adhere to international standards. Therefore, ORBIS provides us with a useful database for our study.
In setting the criteria for the selection of the observations, our major aim is to ensure that the data is highly encompassing, while at the same time avoiding firms whose financial statement structure or company form make them poorly comparable to the majority of sample. Therefore we require, firstly, that the firm must be an industrial company (banks and insurance companies are excluded). Secondly, its owners must have limited liability (whereby e.g. partnerships and sole proprietors are left out of the study). Since for very small firms the financial statement numbers are less relevant than other characteristics (such as the experience and wealth of the owners), very small firms are excluded (Balcaen & Ooghe, 2006) . As a practical minimum size restriction, the Total Assets must have exceeded 100 thousand EUR at least once in the available time series for a firm. The time span of fiscal years potentially available for this study ranges from 2002 to 2010. Because the last financial statements for failed firms in the database typically are from a financial period within 2007 and 2010, earlier years are excluded, for comparability, also for non-failed firms.
ORBIS has five classes for active firms (active; default of payment; receivership; dormant; branch) and seven classes for inactive firms which do not carry out business activities anymore (bankruptcy; dissolved; dissolved (merger); dissolved (demerger); in liquidation; branch; no precision). From these classes, only active is selected to represent non-distressed firms. In selecting the failed firms, we try to avoid ambiguity as much as possible by considering (with exceptions described below) a firm failed if its status in Orbis is stated as bankruptcy. Other classes conceptually close to failure are especially receivership (active) and in liquidation (inactive). Unfortunately, firms under receivership may already be successfully reorganized and thus should rather be classified as non-failed than failed. Firms in liquidation may, depending on the country, contain firms that have ceased activities due to reasons other than failure (mergers, discontinuing the operations of a daughter company or of a foreign branch, etc.). Therefore, for most countries, we select only firms that are coded as bankrupt. Yet, there are many countries in the database that have no firms (or only a handful) coded as bankrupt. In these cases we examined the other plausible status categories to determine if bankrupt or failed firms are coded under a different status heading. In case no such category could be identified, that country was excluded from the study (for example Austria, Hungary, Switzerland). Likewise, if there was found only a very small number of failed observations, the country was dropped from the study (e.g. Luxembourg, Liechtenstein, Montenegro, typically small countries). This was necessary because meaningful country-specific models cannot be estimated with only a handful of observations in the failed firm category. Furthermore, in case there were only a small number of observations coded as bankrupt, but a considerable number of firms existed in the other conceptually close categories, firms from these categories were included as well, and the country was not dropped. Finally, if we could identify that all failed firms are placed under a heading different from "bankruptcy", we included that country in the study. All these special countries are: Thus, there exists potential ambiguity in the failure definitions across countries that could not be avoided, and these imperfections should be considered in interpreting the results. It should also be noted that the contents of different classes differ within European countries due to different legislations although there are obvious similarities in insolvency acts (Philippe & Partners, & Deloitte & Touche, 2002). However, we are confident that, irrespective of the country, in each class that was selected to represent failed firms, the vast majority of firms suffered from financial distress.
Statistical Methods
In the present study, (binary) logistic regression analysis (LRA) will be applied to estimate the prediction model for financial distress. The LR model will be estimated for each country separately and for the entire sample as to estimate the uniform (overall) model for the European countries. For this estimation, the dependent variable Y = 0 when the firm is non-distressed (non-failed) and Y = 1 when it is distressed (failed). In general, LRA can be used to predict a dependent variable on the basis of continuous or categorical independent variables and also to determine the percent of variance in the dependent variable explained by the independent variables. This analysis does not require that independent variables are multivariate normal or that groups have equal covariance matrices that are basic assumptions in linear discriminant analysis (Hosmer & Lemeshow, 1989) . LRA creates a score (logit) L for every firm. It is assumed that the independent variables be linearly related to L. This score is used to determine the conditional probability to become distressed as follows:
where b i (i =0,…,n) are coefficients and n is the number of independent variables
The LR models are estimated by the maximum likelihood method in SAS. The strength of association is assessed by the standard tests for LRA such as the R 2 Square and the Nagelkerke adjusted R 2 . In estimation, the number of non-distressed firms is extremely high in comparison with the distressed firms. However, it is logical to assume that distress and non-distress affect the conditional probability of distress with equal weights. Therefore, the observations are weighted in the way that distressed and non-distressed firms get equal weights in estimation but the number of observations is set equal to the original sample size. This leads to the situation where the cut-off probability for distress is 50%. Technically, this situation is desirable, since the LRA assumes that midranges of probability are more sensitive to changes of values in independent variables to minimize the gray area (area of ignorance). However, the weighting of observations remarkably affects the statistical tests. In distress prediction studies, predictors or financial ratios for the models are mainly selected on empirical grounds. This leads to the situation where the selection is sample specific and the resulted model is also specific for that sample (Zavgren, 1983 . Five of these ratios were selected as performing best together in the prediction model (final set). When comparing models across countries, it is important to pay attention to the choice of variables to avoid sample specific results. Bankruptcy theory can be used to give recommendations how the predictors should be selected and modeled to be theoretically justified in bankruptcy prediction (Scott, 1981) . Scott (1981) contributed to bankruptcy theory by showing that the probability of failure is an explicit function of the expected value and the standard deviation of the change in retained earnings (net income minus dividends), and the current market value of equity, all divided by total assets. Thus, this kind of approach suggests that the profitability together with its volatility and the equity ratio are important predictors of bankruptcy. Scott also expanded the basic model and showed theoretically that the size and the liquidity of the firm can also affect bankruptcy probability. Scott (1981, p.342) concluded that bankruptcy prediction is both empirically feasible and theoretically explainable. Following the recommendations given by Scott (1981) , the following six financial variables are selected to all our distress models: 1) return on assets ratio (profitability); 2) quick assets to total assets ratio (liquidity); 3) equity ratio (solvency); 4) semi-deviation in the return on assets ratio in two last years (volatility); 5) total assets (size); and (6) squared total assets (size). 2 The variables are all (except for semi-deviation) calculated for the first year prior to bankruptcy. The amount of quick assets is defined as Current assets -Inventories -Current liabilities. The semi-deviation only focuses on a negative change in return on assets ratio. The size of the firm (in terms of total assets) is measured by a parabola of second order because the sign of the size effect can change after some specific size. In Finland, for example, bankruptcy statistics show that the risk of bankruptcy is the lowest in very small firms and in large firms but higher in middle-sized firms (Statistics Finland).
Empirical Results
Descriptive Statistics
The number of qualified observations is presented in Table 1 by country. For most countries, the number is high and sufficient for reliable statistical estimation with validity testing. There are no problems with the number of non-failed firms but the number of failed firms is small especially for Greece (estimation data 17 & test data 11) and Lithuania (36 & 16) . The number of failed firms is below 100 in the estimation and hold-out data also for Bosnia & Herzegovina, Bulgaria, Malta, Serbia, and Slovenia. In these countries, special attention should be paid to consider the generalization of the results. For all countries, the estimation data includes 56541 failed firms and 3.4 million non-failed observations. These data are used to estimate the uniform prediction model over all 30 countries in the sample. Table 2 shows the median values for the explanatory variables by country. For the return on assets ratio, the highest median for non-failed firms is found in Finland. However, this country reports the lowest median for failed firms showing a wide dispersion. The quick assets to total assets ratio has its highest median for non-failed firms in Sweden and almost as high in Germany. In Poland, the median of the ratio for failed firms is lowest and very low also for Russia. Estonia shows the highest median of the equity ratio for non-failed firms while Poland reports the lowest median for failed firms. The size of non-failed firms as measured by total assets is largest in Netherlands, Germany, and Ireland. In Greece and Ireland, the median size of failed firms is exceptionally large. In addition, the difference in median size between non-failed and failed firms can be positive or negative depending on the country. The median of the volatility measure is higher for failed than for non-failed firms in most countries, reflecting associated risk to fail. For non-failed firms the median is the highest for Estonia that also reports highest median for failed firms. Thus, the differences in the ratios between the European countries are large both for the non-failed and failed firms. This heterogeneity of the data makes the estimation of a reliable uniform model technically challenging. In case the shareholders' funds (book value of equity) is negative, the Total Assets of the balance sheet is replaced by the sum of all liabilities of firm. This adjustment applies to all variables in this study where TA is involved. As for SV, this measure of downside risk is calculated using the last two ROA observations. If the last (newer) figure is higher than the previous (older) one, then SV = 0. In calculating the TA and TA 2 variables, total asset values exceeding EUR 100 million were truncated to EUR 100 million. Table 3 shows the estimated rescaled coefficients of the logistic regression models by country. Since the observations are weighted, the significance levels have no standard interpretation and are upwards biased. Therefore, significance levels are not shown but coefficients with poorest significance are not disclosed. In order to facilitate interpretation, the coefficients are rescaled so that they are divided by the highest absolute coefficients in the sample. The model estimated for Bosnia & Herzegovina has the highest absolute coefficients for four variables. Lithuania has the highest absolute intercept reflecting the level of failure risk when all explanatory variables are equal to zero. Bulgaria and Greece have highest absolute coefficients for quick assets to total assets ratio but the coefficients imply, contrary to intuition, that risk is positive in the ratio. For the equity ratio, Denmark has the highest absolute coefficient in comparison to other countries. In each country, the equity ratio has a negative coefficient as expected. The sign of the return on assets ratio is also negative for all countries except for Malta. It is remarkable that the quick assets to total assets ratio has, against expectations, a positive coefficient more often than a negative one. This may be due to multicollinearity in the models. In the same way, the coefficients for total assets, squared total assets and semi-deviation are found to be either positive or negative. 3 The table also shows the coefficients of the uniform model that is estimated using the data from all © Science and Education Centre of North America countries. In this model, the quick to total assets ratio and total assets both have a low positive coefficient. The coefficients for other explanatory variables are of about the same magnitude as the median coefficients. Table 4 shows the performance of the country-specific logistic regression models in estimation data. The variation in performance between countries is large supporting the first research hypothesis (H1). The highest max-rescaled R 2 is found for Poland and also the model estimated for Finland performs exceptionally well. Malta and United Kingdom have got the lowest values, reflecting poor strength in dependence. The interpretation of other performance measures is in line with these results. Poland and Finland have the highest values for ROC and also for binary classification accuracy. The models estimated for Malta, United Kingdom, and Iceland show the lowest overall performance in classification. 4 The average AUC over the countries is about 0.79, referring to highly satisfactory performance given the considerably heterogeneous data. The uniform model utilizing data from each country (the "All countries" row in the table) gives an AUC of 0.78, being close to the average. For this model, the percent of correctly classified firms is over 70% for both non-failed and failed firms. Overall, the estimation results imply that it is possible to develop a reliable uniform model to assess failure risk in a large group of European countries, supporting the second research hypothesis (H2).
Predictability of Failure
www.todayscience.org/jfe
Journal of Finance & Economics
Vol. 1, Issue 3, 2013 13 © Science and Education Centre of North America [4] Average of [1] and [2] , observation weights [5] Nonfailed [6] Failed [7] Mean of [5] and [6] [8] Average of [5] and [6] , observation weights [9] Nonfailed, [1] - [5] [10] Failed [2] - [6] [11] Mean of [9] and [10] [ The model gives the lowest AUC for Malta, Greece, Bulgaria and United Kingdom. The bottom row of the table shows a measure of AUC uniformity that reflects the difference between AUC for the uniform model and AUC for the country-specific model. The uniformity gets its lowest values for Bulgaria, Serbia, Bosnia & Herzegovina and Malta. For most countries the measure is close to zero, which implies that the uniform model performs as well or nearly as well as the country-specific model estimated from the country data. Table 6 allows comparing the correct classification rates for failed and non-failed firms by country. The table shows that the uniform model classifies correctly, on the average, over 70 percent of both failed and non-failed observations in Europe. A large negative figure in the uniformity section of Table 6 indicates that the uniform model performs poorly in classifying non-failed (column 9) or failed firms (column 10) for that country. For example, the uniformity of -23.3 for Bulgaria in column 10 indicates that as the uniform model succeeds to classify only 56.7% (see column 2) of the Bulgarian failures correctly, the model estimated using Bulgarian own data is able to correctly classify 80.0% of these failures (see column 6). These kinds of uniformity figures, being exceptional, suggest that some country-specific factor affects the classification performance. The reason could be accounting, cultural, legal factors etc., or that the definition of default is essentially different than for the majority of the other countries in the data. There are also cases (for example, Italy) when a large negative (positive) uniformity for failed firms is accompanied by a large positive (negative) uniformity for the non-failed firms. This means that the two cutoff-points are different in the sense that the uniform and country-specific models, when applied in a credit decision context with the same cutoff-value (for example, 0.5), could lead to very different accept/reject decisions. These kinds of situations are not necessarily indicative of poor classification ability per se, as is reflected in the acceptable Italian AUC's (0.83) for both the uniform and country-specific models in Table 5 .
The validation results in the test data thus confirm the research hypothesis that the predictability significantly varies between countries (hypothesis H1) but that it possible to develop a uniform failure prediction model with high overall classification accuracy (by the AUC criterion) for most European countries (hypothesis H2).
Explaining Differences between the Countries
The study shows that there are significant differences between the countries in the statistical distributions of financial predictors and in the form and performance of country-specific models. It © Science and Education Centre of North America can be expected that the differences in this variables technically affect the performance of the uniform model for all countries. Appendix 1 shows descriptive statistics for these variables. It also shows the Pearson correlation coefficient between the explanatory variables and AUC of the uniform model. The highest correlation coefficient is found for country-specific AUC in the test data. High correlation coefficients are also found for other performance measures of the country-specific models. Table 7 shows the results (final step) for the linear stepwise regression analysis where AUC of the uniform model in each country for the test data is explained by the estimation data medians of the predictors in failed and non-failed firms, the number of firms in the sample, the coefficient estimates of the country-specific logistic regression models, and the AUC of these models both in the estimation and the test data. The table shows that the model explains 92.4% of the variation in AUC between the countries. First, the most significant variable explaining country-specific differences in the test data AUC of the uniform model is the test data AUC of the country-specific model. The higher is the predictability for the country-specific model, the higher it is also for the uniform model. Second, the coefficient of the semi-deviation in the country-specific models has a significant positive effect on the uniform model AUC. Many countries have a negative sign for the coefficient which is against expectations (the theory) diminishing the performance of the uniform model. Third, the lower quick assets to total assets ratio for failed firms, the higher is the uniform model AUC. The variations in this ratio between the countries are large. For example, Malta shows a positive median ratio for failed firms but a negative ratio for the non-failed firms, and, consequently, AUC is very low. Fourth, the higher the intercept estimate in the country-specific model, the higher is the uniform model AUC. This result refers to the fact that the level of failure risk is at different level in different countries. Technically, this problem can be solved by country dummies. Fifth, the higher the coefficient of squared total assets, the lower is AUC showing the size effect on failure risk differs with respect to countries. Sixth, the higher the number of non-failed firms in estimation data, the higher is AUC. This number directly refers to the weight of the country in the overall estimation of the uniform model explaining the result. Seventh, the lower is the coefficient of equity ratio, the higher is AUC. Since the coefficient in the country-specific models is negative, the result means that the more weight equity ratio has in the model, the better is the performance of the uniform model. The absolute value of the coefficient is very small for example in Malta and the UK, which also show a very low AUC.
For the usefulness of the uniform model it is very important that the absolute difference between the uniform model AUC and the country-specific model AUC (absolute AUC uniformity) is small for countries. If this absolute uniformity is high, country-specific model should be used in failure prediction. Appendix 2 shows the correlation coefficients between the uniformity and the same country-specific variables as in Appendix 1. High correlation coefficients are found especially for the coefficients of the country-specific models (except for the equity ratio). Table 8 shows the (final step) results for the stepwise regression analysis where uniformity is explained by the country-specific variables. The final step only includes two country-specific variables which together explain 57.6% of the variation in uniformity. First, the higher the coefficient of semi-deviation in the country-specific model, the higher is uniformity. This result is as above due to the fact that many countries have a negative coefficient against the expectations diminishing uniformity. Malta, for example, has the highest absolute coefficient that is negative and, consequently, the lowest uniformity. Second, the lower the median quick assets to total assets ratio for failed firms, the higher is uniformity. This result can again be explained by the large variation in the ratio distributions between the countries. Malta is a good example for inconsistencies in these distributions (see above). 
Classification of Countries
The country-specific models behave in the similar way if they give similar predictive results when applied to the data from different countries. This similarity of country-specific models was assessed by the factor analysis applied to the test data AUC given by each model for each country. Thus, the factor analysis deals with 30 variables (country-specific models) and 30 observations (AUC of the country-specific model for each country). Appendix 3 shows the Varimax-rotated factor solution for these data. The Varimax rotation was used to make the factors independent of each other and to maximize the variation between the resulted classes or groups. The results clearly showed that there are only 2 significant factors which together explain 91.7% of the total variation in country-specific AUC estimates. Thus, on the basis of the largest loading the countries can be classified into two classes. In overall, the two factors explain well the variation in AUC for each country as is shown by the communalities. However, the percent of variance explained for Malta is only 10.2%. Thus, Malta is a very exceptional country with respect to failure prediction behavior in the present sample of 30 countries. Some countries have got high loadings for both factors so that their membership of any group is not strong (Czech Republic, Estonia, Portugal, Romania, and Slovenia).
For the first factor, the highest loadings have got by Netherlands, United Kingdom, Germany, Belgium, and Ireland in this order of magnitude. For the second factor, Serbia, Spain, and Greece show the highest loadings. The grouping based on the loadings can be compared with Laitinen (2002) for rating models, and Nobes (1983) and Doupnik & Salter (1993) for financial reporting systems, to the degree in which these studies include same countries. If the grouping is compared with Laitinen (2002) , the first group is quite similar except for Spain which belongs to the second group in this study. The other groups are not similar. In Laitinen's grouping Denmark, Finland, and Sweden belong to the second group while they are members of the first group in the present classification. When compared with Nobes (1983) classification, all European countries in his first group ("micro-fair-judgmental" and "commercially-driven") and second group "macro-uniform", "government-driven", and "tax-dominated") belong to the first group in this grouping, except for Spain that belongs to the second group. Doupnik & Salter (1993) classification only includes European countries which in the present grouping belong to the first group, except for Portugal and Spain from the second group. These countries Doupnik and Salter classify to the fifth group together with Denmark, France, Italy, and Norway. Five of their groups include European countries. Thus, the grouping based on failure prediction behaviour is different from that of financial rating (of technology firms) and reporting. It may be that traditional differences in accounting practices are converged and do not anymore significantly affect international comparability of firms from different countries.
However, the differences in prediction model behaviour between the groups can be technically traced back to the differences in statistical distributions of financial predictors and in the form and performance of country-specific models. Table 9 presents descriptive statistics of these variables for the two groups. There are several statistically significant differences between the groups. First, the median quick assets to total assets ratio for non-failed firms is on average negative and very low in the second group. Second, the median coefficient of semi-deviation in the country-specific models is negative and thus against expectations. Third, the median coefficient of quick assets to total assets ratio is on average positive in the second group which contradicts with expectations (from the theory). Fourth, the average of the median of semi-deviation for failed firms is significantly lower in the second group. Fifth, the coefficient of total assets is on average negative in the first group but positive in the second group. Thus, when assessing the similarity of prediction models over European countries, the role of quick assets and deviation in profitability should be carefully considered. In addition, the size effect may vary across countries, which deteriorates the comparability of models. 
Summary and Discussion
The first objective of the study was to analyse the predictability of financial distress across European countries based on two research hypotheses. This predictability was analysed for 30 European countries using estimation data from 3372493 non-failed and 56541 failed observations, extracted from ORBIS. The explanatory variables were selected referring to the bankruptcy theory.
The logistic regression analysis showed that almost in each country an accuracy of at least 0.70, measured by AUC, can be reached supporting predictability in Europe. The second objective was to compare predictability across countries. The analysis showed that for a small number of countries the predictability of failure is not good (Iceland, Ukraine, United Kingdom, and Malta). However, in some other countries predictability is very high (Finland and Poland). Thus, the results showed that there are significant differences in the predictability of failure between European countries supporting the first research hypothesis. The third objective was to develop a generic uniform model to predict distress in each country. For the objective, a uniform model was estimated using the data from all countries. The uniform model performed well in the majority of countries in the sample. However, this model did not perform well in Malta, United Kingdom, Bulgaria, Slovenia, and Greece, reflecting their special nature of data. The model was very efficient in Poland and Finland. In many countries, the uniform model performed as well as the country-specific model by the AUC criterion. Thus, the study clearly shows that it is possible to develop a uniform model of failure prediction that results in high overall accuracy in almost all European countries. 5 This result evidently gives support to the second research hypothesis. Thus, a uniform prediction model can serve as a powerful tool for stakeholders interested in international comparison of risky firms.
The detailed analysis of predictability showed that there are two main factors which deteriorate the performance of the uniform prediction model over European countries. First, the concept of quick assets (liquidity) may have a different content in some European countries which led to results contradicting with expectations. Second, the concept of semi-variation (volatility of profitability) should be carefully analysed due to similar contradicting results. There are also minor factors deteriorating the performance of the uniform model. First, the level of risk in countries is different which weakens the reliability of the intercept coefficient. This problem can be solved by country dummies. Second, there are differences in the importance of equity ratio between the countries leading to difficulties to find a reliable coefficient over the countries. Third, the effect of size on the failure risk differs significantly between countries resulting in an unreliable coefficient for the size measure and its squared form. Fourth, it seems that differences between the countries are not due to the differences in financial reporting systems. Therefore, explanations for these differences should be searched from other factors, such as economic environment, company status classification and coding systems, legislation, and culture. The problems discussed in this research give hints for further research in developing a uniform model for a large set of countries. In addition, a useful line for future research would be to include more countries in the sample, such as Asian countries and the U.S. The results in this pioneering study strongly urge researchers to continue research on international comparability in failure research. 
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